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Abstract: The dynamics of Xylella fastidiosa infections in the context of the endophytic microbiome
was studied in field-grown plants of the susceptible and resistant olive cultivars Kalamata and FS17.
Whole metagenome shotgun sequencing (WMSS) coupled with 16S/ITS rRNA gene sequencing was
carried out on the same trees at two different stages of the infections: In Spring 2017 when plants
were almost symptomless and in Autumn 2018 when the trees of the susceptible cultivar clearly
showed desiccations. The progression of the infections detected in both cultivars clearly unraveled
that Xylella tends to occupy the whole ecological niche and suppresses the diversity of the endophytic
microbiome. However, this trend was mitigated in the resistant cultivar FS17, harboring lower
population sizes and therefore lower Xylella average abundance ratio over total bacteria, and a
higher α-diversity. Host cultivar had a negligible effect on the community composition and no clear
associations of a single taxon or microbial consortia with the resistance cultivar were found with
both sequencing approaches, suggesting that the mechanisms of resistance likely reside on factors
that are independent of the microbiome structure. Overall, Proteobacteria, Actinobacteria, Firmicutes,
and Bacteriodetes dominated the bacterial microbiome while Ascomycota and Basidiomycota those
of Fungi.
Keywords: Xylella fastidiosa; bacteria; fungi; archaea; 16S/ITS sequencing; shotgun metagenomic
sequencing; kalamata; FS17; resistance
1. Introduction
Xylella fastidiosa is a Gram-negative gamma proteobacterium in the family Xanthomonodaceae,
of which three main subspecies are described, multiplex, fastidiosa, and pauca [1], all originating from the
Americas. The bacterium is a major threat for European and Mediterranean agriculture, being capable
of infecting different crop species and to establish itself in different Mediterranean agro-ecosystems,
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causing in some cases severe diseases [2]. Infections of this polyphagous and xylem-dwelling
bacterium may prove asymptomatic in several host species while they can induce severe diseases in
crops of agricultural importance. Citrus variegated chlorosis (CVC), affecting fruit size and quality
of oranges and Pierce’s Disease (PD), inducing leaf scorching and grapevine decline, are among the
most destructive and economically important diseases caused by Xylella [3]. The olive quick decline
syndrome (OQDS), a novel disease described for the first time in 2013 in southern Italy [4], represents
an example of the detrimental impacts associated to this pathogen spreading on the Mediterranean
territories and infecting a traditional and widespread species. A hitherto uncharacterized genotype
(namely the sequence type ST53) of X. fastidiosa subspecies pauca was found to be the causal agent
of OQDS, which, coupled with abundant populations of the local xylem-feeding insects (primarily
the so-called “spittlebugs”), determined an epidemic spread of the pathogen, currently affecting an
area of approximately 750,000 ha [2]. The ability to infect up to 595 plant species [5], together with
the insect transmission [6] and the lack of effective treatments to cure infected plants [2], make the
control of Xylella infections very challenging, requiring a compendium of integrated strategies relying
on reducing vector population, eliminating sources of infections, and search for resistance traits in the
affected species. Proofs of genetic resistance have been found in grape [7,8] and citrus [9–12] and more
recently in olive cultivars Leccino and FS17 [13–17]. Even so, mechanisms underlying differential host
responses to Xylella infections are still largely unknown. As for PD, a broad consensus indicates that
symptoms are the result of the systemic colonization of the bacterium which blocks the xylem vessels
and causes a progressive deficit in water transport. In this scenario, anatomical features and abundant
bacterial populations have major roles in impairing xylem conductivity as vascular occlusions are
caused by the occurrence of bacterial aggregates and by tyloses, which are outgrowths of parenchyma
cells of the xylem produced by plants in response to biotic or abiotic stresses [3,18,19].
While genetic [8,20] and/or anatomo-physiological [7,21] studies have contributed to unravel some
of the mechanisms that contribute to constraining Xylella multiplication and movement in resistant
grapevines, very little is known about the relationships of X. fastidiosa with all other microorganisms
inhabiting the xylem vessels and their potential role in limiting infections, i.e., contributing to modulate
the response in resistant phenotypes. In this framework, we studied the dynamics of Xylella plant
colonization in relation to the whole olive microbiome to shed light on the complex network of
interactions occurring among microorganisms inhabiting the same niche, the xylem vessels.
Strategies to study the plant microbiome compositions rely on the isolation and
identification of cultivable microorganisms (cultivation-dependent), or massive sequencing
(cultivation-independent) [22–24]. The majority of the currently available studies rely on the analysis of
next generation sequencing (NGS) datasets from 16S ribosomal RNA gene (16S rRNA) sequences from
bacteria or fungi (internal transcribed spacer, ITS) [25]. However, information on the whole microbiome
can be also obtained through whole metagenome shotgun sequencing (WMSS) [26,27], a strategy that
allows gathering microbial data at very high depth. A combination of both cultivation-dependent
and independent approaches can be effectively exploited for identifying beneficial microorganisms or
consortia potentially antagonizing known plant pathogens to be used as biocontrol agents.
Studies of the microbial endophytes were reported in Xylella pathosystems from citrus, grapevine,
and more recently, from olive. Several authors [28–32] described differences in the endophyte
populations of asymptomatic and symptomatic citrus plants affected by CVC and proposed that
the development of symptoms is the result of an unbalanced ratio among Methylobacterium and
Curtobacterium species, and X. fastidiosa. In particular, Curtobacterium flaccumfaciens was found to
inhibit the growth of X. fastidiosa subspecies pauca in vitro and to prevent or reduce the symptoms in
Catharanthus roseus plants when it was co-inoculated with Xylella [32]. Similarly, a citrus-isolated strain
of Methylobacterium mesophilicum inhibited the growth of Xylella in vitro and reduced its population
in C. roseus plants [31]. Cultivation-dependent or independent approaches were similarly used
to characterize the grapevine-associated endophyte microbiome inhabiting debarked cane tissues
or sap [33,34]. Proteobacteria and Ascomycota were found to be predominant while the bacterium
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Pseudomonas fluorescens and the fungus Achromobacter xyloxidans were found to be inversely correlated
with the X. fastidiosa subspecies fastidiosa populations in grapevine escaping the Pierce’s Disease [34].
The dynamics of the microbial communities in the xylem sap of grapevines under high Pierce’s
Disease pressure was described in three different phenological stages over two growing seasons [33].
This study led to the identification of the grapevine core bacterial and fungal microbiomes of plants
showing mild, moderate, or severe Pierce’s Disease symptoms. Furthermore, the microbial diversity
richness in the grape xylem sap was highest during bloom while the disease condition, as well as the
phenological stage, shaped the microbial communities.
The majority of studies on the olive microbiome based on cultivation-dependent or independent
sequencing, independently of Xylella infections, targeted the rhizosphere compartment [35–38] while
they are limited for endophytes of aboveground tissues. Using 16S rRNA gene amplicon sequencing,
Müller et al. [39] found that the bacterial endophyte communities from leaves and boughs of wild
and cultivated olives were largely shaped by the plant genotype and correlated with the geographic
origin. Interestingly, these authors detected a high proportion of Archaea, whose ecological significance
remains elusive. Similar to the finding from Müller et al. [39], a predominance of Proteobacteria,
Firmicutes, Bacteriodetes, and Actinobacteria phyla were found by Fausto et al. [40] in the olive xylem sap.
However, differently from Müller et al. [39], in their 16S rRNA gene analysis, no traces of Archaea were
found in the xylem sap while these microorganisms were present with low abundances in leaves and
soil fractions. A comparison between cultivation-dependent and independent approaches to study the
xylem microbiome of olive cultivars Picual, Arbequina, and Acebuche [41] showed that the main factor
shaping the xylem-inhabiting microbiome was the olive genotype. Interestingly minor variations in
the microbiome composition were detected between the xylem-sap (recovered using the Scholander
pressure chamber) and the whole homogenized xylem tissue. A large fraction of bacteria were only
detected by culturing (58.8%) and not by amplicon sequencing (16S rRNA gene NGS).
Studies of fungal endophyte communities in olive were mainly performed in aboveground organs
by using cultivation-dependent methods [42–45], while metabarcoding analysis was less frequently
used. All these studies indicated Ascomycota as the most abundant fungal endophytes in olive leaves,
twigs, and fruits. Different factors have been shown to shape olive-associated fungal endophytic
composition, including host genotype (at cultivar level), plant organ, seasonality, and presence of
pathogens [42,44,45].
Because of OQDS novelty, understanding the pathogen-host interactions and the epidemiology of
the infections in the affected area became crucial to develop effective containment measures. A major
finding of the studies to contrast the OQDS epidemic in olives was the discovery of olive cultivars
showing resistance towards X. fastidiosa subspecies pauca ST53, namely FS17 and Leccino, as opposed
to the susceptible Ogliarola salentina, Cellina di Nardò, and Kalamata [13,14]. Both resistant cultivars
were found harboring lower bacterial population sizes and showed less severe symptoms, as compared
to Ogliarola salentina and Kalamata [13,14]. Recently, Vergine et al. [46] explored the potential role of
microbial endophytes in protecting olive cultivar Leccino from the OQDS, in comparison with Cellina
di Nardò. Interestingly, they observed a drastic dysbiosis in response to X. fastidiosa infection in Cellina
di Nardò, while Leccino maintained microbial communities more stable, and with higher diversity
than Cellina di Nardò, in both infected and uninfected plants.
In the present work, we studied the microbiomes of 15 years-old trees of the cultivars FS17 and
Kalamata, co-cultivated in the same orchard located in the core outbreak area of Apulia, in southern
Italy, by using WMSS and 16S/ITS rRNA gene sequencing. Trees were run under the same agricultural
practices and subjected to the same environmental conditions. Tissues were sampled in two seasons
from plants being initially, during 2017, symptomless and showing, during 2018, advanced or limited
symptoms in the cultivars Kalamata and FS17, respectively (Figure 1). The analysis aimed to investigate
the changes in the olive xylem microbiome upon Xylella infection and to assess whether correlations
exist between the composition of the xylem microbiome and the differential phenotypical responses
of the two cultivars to X. fastidiosa infections. Based on the gathered information, a final goal is to
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identify bacterial/fungal microbes or consortia associated with the resistant phenotypes to be exploited
as potential biocontrol agents.
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2.1. Description of the Microbiome by Whole Metagenome Shotgun Sequencing (WMSS)
Initial attempts to classify the WMSS data using Kraken, with default k-mer size and databases,
proved to be unsuccessful in the correct reads assignment, with the majority of those associated to
the fungal kingdom, corresponding to plant sequences, as assessed by BLASTn analysis (not shown).
We, therefore, re-mapped the sequenced reads with Kraken 2 using a custom database, built using the
kraken2-build option, from nucleotide sequences of archaeal, bacterial, viral, fungal, and plant complete
genomes within the NCBI Reference Sequence (RefSeq) datasets.
Library sizes from April 2017 sampling, ranged between 38,656,227 and 54,871,547 raw reads,
of which 97.5% to 98.5% were classified by Kraken 2 as belonging to plant, bacteria, fungi, archaea,
and viruses. Similarly, library sizes from trees sampled in November 2018 ranged between 25,255,482
and 48,745,550, of which 97.6% to 98.2% were classified by Kraken 2 as belonging to plant, bacteria,
fungi, archaea and viruses (Table 1). A fraction from 1.42% to 2.41% was not classified by Kraken
2 among the 24 libraries. Kraken 2-classified reads were then parsed with MEGAN that assigned
24,597,096–51,202,008 reads (98.31–99.92% of the total, Table 1) to the plant kingdom.
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Table 1. Summary of the Illumina sequencing and reads classification in the two phenological stages (spring: April 2017, autumn: November 2018). * Numbers are
from Kraken 2 classification. (**) Numbers are from MEGAN classification and successive (***) normalization to Plants reads. Percentages of bacteria, fungi, archaea,
and viruses are related to the total reads microbes.











































FS1-1 50,852,732 49,963,303 (98.2) 889,429 (1.75) 49,808,696 (99.69) 259,160 249,675 (96.34) 6893 (2.66) 1735 (0.67) 857 (0.33) 28.30 34,100 0.37
2.32
FS1-3 46,489,102 45,588,956 (98.0) 900,146 (1.94) 45,428,720 (99.65) 261,865 251,689 (96.11) 7435 (2.84) 1932 (0.74) 809 (0.31) 31.20 4430 0.06
FS1-10 52,171,471 51,356,470 (98.4) 815,001 (1.56) 51,202,008 (99.70) 268,515 261,563 (97.41) 4474 (1.67) 1623 (0.60) 855 (0.32) 27.00 84,900 0.40
FS1-18 54,871,547 53,962,289 (98.3) 909,258 (1.66) 53,845,628 (99.78) 205,545 198,322 (96.49) 4550 (2.21) 1801 (0.88) 872 (0.42) 30.10 9610 0.18
FS1-43 42,746,629 42,110,247 (98.5) 636,382 (1.49) 42,020,764 (99.79) 158,999 154,117 (96.93) 2764 (1.74) 1277 (0.80) 841 (0.53) 22.90 1,520,000 12.87
FS1-45 39,194,825 38,375,168 (97.9) 819,657 (2.09) 38,227,260 (99.61) 240,666 230,319 (95.70) 7825 (3.25 1548 (0.64) 974 (0.40) 35.10 286 0.02
Kalamata
Kal1-53 38,656,227 38,101,308 (98.5) 554,919 (1.44) 38,028,096 (99.81) 130,362 126,247 (96.84) 2375 (1.82) 980 (0.75) 760 (0.58) 36.10 142 0.05
8.69
Kal1-54 44,921,146 43,839,640 (97.5) 1,081,506 (2.41) 43,586,856 (99.42) 405,349 391,036 (96.47) 11,283 (2.78) 2135 (0.53) 895 (0.22) 28.50 29,600 0.10
Kal1-55 39,692,637 39,116,264 (98.5) 576,373 (1.45) 39,009,116 (99.73) 178,457 172,754 (96.80) 2438 (1.37) 1077 (0.60) 2188 (1.23) 33.10 1170 0.02
Kal1-57 42,445,268 41,813,669 (98.5) 631,599 (1.49) 41,711,976 (99.76) 181,331 176,926 (97.57) 2647 (1.46) 1203 (0.66) 555 (0.31) 31.10 4760 0.22
Kal1-65 45,136,293 44,493,779 (98.5) 642,514 (1.42) 44,384,016 (99.75) 194,201 186,304 (95.93) 2783 (1.43) 4058 (2.09) 1056 (0.54) 34.10 577 0.04





FS2-1 33,462,404 32,788,919 (97.9) 673,485 (2.01) 32,749,304 (99.88) 65,201 59,793 (91.71) 3284 (5.04) 989 (1.52) 1135 (1.74) 35.10 286 0.95
31.48
FS2-3 32,092,733 31,396,019 (97.8) 696,714 (2.17) 31,371,784 (99.92) 38,374 34,366 (89.56) 2222 (5.79) 770 (2.01) 1016 (2.65) 29.96 10,600 4.89
FS2-10 33,465,333 32,683,674 (97.6) 781,659 (2.34) 32,631,210 (99.84) 90,038 84,585 (93.94) 3636 (4.04) 934 (1.04) 883 (0.98) 25.50 244,000 46.82
FS2-18 32,789,969 32,080,877 (97.8) 709,092 (2.16) 32,029,304 (99.84) 86,409 79,573 (92.09) 4305 (4.98) 957 (1.11) 1574 (1.82) 31.10 4760 15.42
FS2-43 42,453,647 41,659,140 (98.1) 794,507 (1.87) 41,142,644 (98.76) 938,782 923,823 (98.41) 10,798 (1.15) 1082 (0.12) 3079 (0.33) 24.57 469,000 83.11
FS2-45 31,955,583 31,276,525 (97.8) 679,058 (2.13) 31,230,648 (99.85) 77,562 72,841 (93.91) 2862 (3.69) 857 (1.10) 1002 (1.29) 26.60 112,000 37.68
Kalamata
Kal2-53 48,745,550 47,873,736 (98.2) 871,814 (1.79) 47,214,900 (98.62) 1,198,439 1,188,286 (99.15) 5768 (0.48) 1299 (0.11) 3086 (0.26) 24.20 608,000 90.05
52.67
Kal2-54 33,545,651 32,875,120 (98.0) 670,531 (2.00) 32,841,592 (99.90) 56,343 51,642 (91.66) 2265 (4.02) 738 (1.31) 1698 (3.01) 21.50 4,060,000 34.41
Kal2-55 38,914,006 38,071,869 (97.8) 842,137 (2.16) 37,429,772 (98.31) 1,162,983 1,152,955 (99.14) 6234 (0.54) 1318 (0.11) 2476 (0.21) 22.10 2,660,000 88.65
Kal2-57 30,275,514 29,663,797 (97.9) 611,717 (2.02) 29,635,620 (99.91) 45,484 40,442 (88.91) 2912 (6.40) 902 (1.98) 1228 (2.70) 21.80 3,290,000 0.45
Kal2-65 29,620,002 29,066,308 (98.1) 553,694 (1.87) 29,033,788 (99.89) 52,570 47,964 (91.24) 2148 (4.09) 771 (1.47) 1687 (3.21) 22.20 2,480,000 19.94
Kal2-89 25,255,482 24,756,720 (98.0) 498,762 (1.97) 24,597,096 (99.36) 287,446 281,221 (97.83) 2430 (0.85) 729 (0.25) 3066 (1.07) 22.40 2,150,000 82.53
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Given the different sizes of the libraries, microbial reads (i.e., bacteria, fungi, archaea and viruses)
were normalized according to Regalado et al. [27], by using plant reads as internal spike-in to which
microbial reads are referred to. Briefly, normalization takes into account either the average size of
all plant reads or the relative abundance of each microbial taxon in the original library. Normalized
microbial reads ranged from 38,374 to 1,198,439, whose major fraction was represented by bacteria
that, in all libraries were 88.91–99.15% of all microbes (total microbes, Table 1, followed by fungi
(0.48–6.40%), viruses (0.21–3.21%), and a(0.11–2.09%) (Table 1). In addition, reads from Cyanobacteria
were also eliminated as they were found corresponding to rDNA from chloroplasts by BLASTn analysis
(data not shown).
Taxa were further filtered by MicrobiomeAnalyst to eliminate those that could be artifacts
(i.e., appearing in only one sample) and those having an identical value (i.e., 0) across all samples.
Only taxa having a 20% prevalence with a minimum of 10, 50, 10, and 10 reads for Archaea, Bacteria,
Fungi and Viruses, respectively, were retained. All libraries were further normalized according to
centered log-ratio (clr) transformation. Rarefaction curves of all data reached the plateau and Good’s
coverage estimation averaged 99.74%, 98.34%, and 100% (Table S1) for Bacteria, Archaea, and Fungi,
respectively, indicating that the majority of diversity was captured with the sequencing effort. However,
this result was not achieved for Viruses (see below).
After data filtering and normalization, 12 phyla, 23 classes, 62 orders, 115 families, and 225 bacterial
genera (Figure 2a and File S1); three phyla, 10 classes, 13 orders, 19 families, and 29 fungal genera
(Figure 3a and File S2); three phyla, 11 classes, 16 orders, 20 families and 34 archaeal genera (Figure 4
and File S3); and 15 viral genera (File S4) were classified. Kraken 2 classification of virus-associated
reads was only referred to viruses having a DNA genome and was limited to the genus level, as many
taxa had been classified as unassigned. Because of these limited and partial information viruses were
not further analyzed.
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(4.2%), and Zymoseptoria (3.2%). 
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Proteobacteria (86.8%) largely dominated the Bacteria kingdom, while Actinobacteria (4.9%),
Firmicutes (4.4%), Bacteroidetes (2.4%), Tenericutes (0.7%), Fusobacteria (0.4%), and Spirochaetes (0.3%)
phyla, were limitedly represented (Figure 2a). Xylella genus occupied 72.1% of the whole
endophytic microbiome, followed by Methylobacterium (2.5%), Sphingomonas (1.8%), Pseudomonas (1.7%),
Staphylococcus (1.3%), Bradyrhizobium (1.1%), Streptomyces (1.0%), Clostridium (0.9%), and Friedmanniella
(0.8%).
Ascomycota was the major (77.9%) fungal phylum with Basidiomycota and Microsporidia accounting
for 21.4% and 0.7% of total reads, respectively (Figure 3a). At genus level, Malassezia (18.2%), Pyricularia
(10.4%), and Fusarium (9.2%) were the most represented, followed by Botrytis (6.2%), Cercospora (5.5%),
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Aspergillus (5.5%), Tetrapisispora (5.0%), Neurospora (4.8%), Colletotrichum (4.2%), and Zymoseptoria
(3.2%).
Among the 10 largely represented Archaea genera were Methanosarcina (12.9%), Methanobrevibacter
(12.7%), Methanothermobacter (11.3%), Methanococcus (10.2%), Methanobacterium (5.1%), Thermococcus
(4.7%), Methanosphaera (4.7%), Nitrosopumilus (4.7%), Methanocaldococcus (3.4%), and Acidianus (3.4%),
in the majority belonging to the major phylum Euryarchaeota (80.1%), followed by Crenarchaeota (11.2%)
and Thaumarchaeota (8.7%) (Figure 4). Plant begomoviruses having a DNA genome were largely the
most represented, covering 72% of the viral taxon microbiome (File S4).
These initial filtering and clr normalization were used for all successive studies regarding bacterial,
fungal, and archaeal microbiomes.
2.2. Description of the Microbiome by 16S and ITS1 rRNA Gene Sequencing
Approximately 99% of a total of 2,056,937 quality-filtered bacterial reads (98.2% of the total reads)
were plant-derived sequences (i.e., mitochondrial and plastidial DNA) (Table 2). Whereas in the
fungal sequence datasets, no plant sequences were retrieved, in contrast, the percentage of unclassified
reads was lower in bacterial (1.8% of the total) than in fungal datasets (27.2%). After removing the
operational taxonomic units (OTUs) with low abundance (i.e., less than five or 10 reads for Bacteria
and Fungi, respectively), it was observed that there was a larger consortium of Fungi associated
with olive tree xylem (535 OTUs, 92 genera, 70 families, 42 orders, 16 classes, and two phyla) than
of Bacteria (348 OTUs, 44 genera, 38 families, 29 orders, 16 classes, and 10 phyla), and most of the
relatively dominant members within the microbial communities were Fungi (1,756,830 fungal reads),
accounting for 99.7% of the total reads. Bacterial communities were predominantly composed by
Proteobacteria (79.8% of the total bacterial reads), Bacteroidetes (8.7%), and Actinobacteria (7.3%) phyla
(Figure 2b), that translates, at the genus level, with the 39.9% abundance of Xylella, followed by
Methylobacterium (10.5%), Sphingomonas (9.4%), Pseudomonas (4.7%), Acidiphilium (3.5%), Hymenobacter
(3.2%), Amnibacterium (2.9%), Pantoea (2.2%), and Kineosporia (2.0%), as the most represented taxa.
The xylem-inhabiting fungal communities were predominantly dominated by members belonging to
Ascomycota (87.1% of the total fungal reads) and Basidiomycota (8.3%) phyla, while 4.6% was unclassified
(Figure 3b). Conversely, 42.4% of the reads could not be assigned to a genus, while most represented
genera were Kabatiella (13.9%), Pyrenochaeta (9.1%), Neococurbitaria (7.6%), and Rhinocladiella (5.5%).
Comparing the bacterial microbiome composition from the WMSS and the 16S rRNA gene
approaches, a strong concordance was found at phylum, class, and order levels (Pearson’s r = 0.99, 0.87,
and 0.93, respectively) considering the 10 dominant taxa (File S1). Conversely, a more distant agreement
was found among fungal microbiome compositions obtained with both approaches, likely because of
the very limited number of sequences (107,821) classified following the metagenome approach (Table 1)
comparing to those (1,756,830) obtained with the amplicon sequencing (Table 2; File S2).
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FS2-3 246,844 209,701 246,317 (99.8) 188,116 (89.7) 527 (0.2) 21,848 (10.4) 246,201 (99.9) 116 (0.05) 187,853 (99.9) 6.9
FS2-10 195,548 219,077 195,319 (99.9) 203,699 (93.0) 229 (0.1) 15,975 (7.3) 195,168 (99.9) 150 (0.1) 203,102 (99.7) 46.0
FS2-18 175,303 91,227 175,011 (99.8) 73,264 (80.3) 292 (0.2) 18,023 (19.8) 174,853 (99.9) 158 (0.1) 73,204 (99.9) 12.7
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2.3. Olive Xylem Microbiome Composition by WMSS Analysis
The normalization of the different WMSS libraries against the plant reads allowed to estimate
the Xylella abundances within each bacterial microbiome and to make comparative analysis among
different trees, without any PCR-biases which conversely may occur with 16SrRNA gene approach.
The minimum number of normalized reads detected in the sequenced libraries (Table 1) and classified
as Xylella by Kraken 2 corresponded to 43 in the tree “Kal1-55” and were confirmed by BLASTn analysis.
The qPCR assay of the same DNA template yielded a negative result, suggesting a possible higher
sensitivity of the high-throughput sequencing technology compared to qPCR.
It could be observed that during both sampling periods the proportion of Xylella vs. the total
bacterial reads was always lower in trees of cultivar FS17 than in Kalamata and it increased in both
cultivars as infections progressed in time (i.e., 2.32% FS17 vs. 8.69% Kalamata in Spring 2017 and 31.48%
FS17 vs. 52.67% Kalamata in Autumn 2018) (Table 1). Data from WMSS showed that all selected trees
contained Xylella-derived sequences, although at the start of the study in most of the trees the bacterium
was close to the threshold of detectability by qPCR (i.e., Cq > 30). The Xylella/Bacteria relative read
abundance significantly correlated (r = 0.63, p < 0.001) with Xylella population size (CFU/mL) estimated
by qPCR detection (Figure S1). Indeed, a one-way ANOVA comparison of the average estimated sizes
of X. fastidiosa populations (Figure S2) revealed that significant differences existed among plants of the
two cultivars when considered in the two sampling periods (Table S2). Moreover, the Tukey’s HSD
post-hoc pairwise comparison showed that X. fastidiosa populations: (1) Were similar between the
two cultivars at the start of the experiment; (2) did not significantly change in FS17 between the two
years and the two sampling periods (compare FS17 April 2017 vs. November 2018); (3) increased more
rapidly in Kalamata (compare Kalamata April 2017 vs. November 2018).
Low rates of Xylella-reads were found in cultivar FS17, with only one sample yielding values
higher than 50%, while values higher than 50% were frequent in the libraries prepared from the trees
of the cultivar Kalamata (Table 1), for which one of the libraries exhibited value higher than 90%
(Kal2-53). In detail, and considering every single plant throughout the two sampling seasons, only in
one FS17 tree, FS2-43, Xylella relative abundance represented more than 50% of the total Bacteria,
while this occurred in four olives (Kal1-89, Kal2-53, Kal2-55, and Kal2-89) of the cultivar Kalamata
(Table 1). These high Xylella relative abundances, which particularly in the cultivar Kalamata reached
even 90.05% of total Bacteria (Kal2-53), suggest that this bacterium tends to occupy the whole bacterial
niche. A finding that is demonstrated by the existence of a linear correlation (R2 coefficient: 0.92)
among Xylella and total Bacteria (Figure S2 and Table 1) reads, showing that when total bacterial reads
increase in a sample, the increase was mainly due to Xylella reads.
Based on the existence of a linear correlation between Xylella average population size (CFU/mL)
and Xylella/Bacteria relative abundance (Figure S3) an arbitrary threshold, corresponding to 5% of
Xylella-reads over the whole Bacteria, was selected and used to categorize the samples with high
(FS1-43, FS2-10, FS2-18, FS2-43, FS2-45, Kal1-89, Kal2-89, Kal2-53, Kal2-54, Kal2-55, Kal2-65) or low
(FS1-1, FS1-3, FS1-10, FS1-18, FS1-45, FS2-1, FS2-3, Kal1-53, Kal1-54, Kal1-55, Kal1-57, Kal1-65, Kal2-57)
Xylella populations. The threshold was selected based on the occurrence of at least one of the two
criteria, 5% WMSS Xylella abundance and/or population size higher than 5 Log CFU/mL (1.0E + 05,
Table 1). This distinction/condition has been used in all following analyses.
Analysis of similarities (ANOSIM) was performed on bacterial, fungal and archaeal communities
inhabiting FS17 and Kalamata xylem, to assess the statistical significance of sample groupings and
evaluate factors having a major role in shaping the microbiomes. Principal component analysis (PCA)
and ANOSIM significantly (R = 0.5165, p = 0.0001. Figure 5c; Table S3) separated olives sampled in
Spring 2017 from those sampled in Autumn 2018, indicating that season was the main factor shaping
bacterial communities either considering all olives or separately those of the two cultivars (R = 0.5481,
p = 0.0052 in cultivar FS17; R = 0.6111, p = 0.002 in cultivar Kalamata). A further factor driving
bacterial community composition was Xylella that significantly distinguishes trees with low and high
abundance (R = 0.2376, p = 0.0055; Table S3), although its effect was different when cultivars were
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separately considered. Indeed, a significant separation was observed in cultivar Kalamata (R = 0.4611,
p = 0.0081; Table S3) while it was not (R = 0.2424, p = 0.0774; Table S3) in cultivar FS17, indicating that
microbiomes of the latter cultivar are not heavily affected by the presence of Xylella. No significant
differences occurred among olives sampled in Spring 2017 either considering Xylella abundance or
between the two cultivars (Table S3). While Xylella makes a significant difference among samples
analyzed during Autumn 2018 (R = 0.3504, p = 0.0155; Table S3), this was not related to the cultivar
(R = 0.1093, p = 0.1541; Table S3).
The exclusion of Xylella from the data did not change the overall clustering of samples in PCA
analysis and significance in ANOSIM (not shown). Collectively, the analysis of these data showed
that Xylella abundance and season played a major role in driving the olive bacterial microbiome in
both cultivars and Xylella shaped mainly the microbiome of the susceptible cultivar Kalamata, while
it did not significantly affect that of cultivar FS17. Moreover, our analysis was not biased by the
inclusion of the data from Xylella, although this taxon occupies the majority of the bacterial niche in
some plants indicating that clr transformation efficiently decreases the influence of highly abundant
microorganisms. To reduce the bias of highly abundant bacterial taxa an alternative strategy for data
normalization was attempted and was based on the fourth root transformation of the reads. However,
the fourth root performed worse than clr transformation, as Xylella effect on shaping the microbiomes
PCA distribution was very significant (not shown). Indeed, excluding Xylella from the PCA analysis,
a significant separation according to the season of sampling and Xylella abundance were obtained
(not shown), as observed with clr-transformed data.
A major factor distinguishing the overall fungal microbiome was the period of sampling (Figure 5f;
Table S4). A very high ANOSIM R-value supported this distinction by very low p-values (R = 0.9007,
p = 0.0001) for both cultivars, as well as for FS17 (R = 0.9611, p = 0.0021) and Kalamata (R = 0.8185,
p = 0.0019) separately. This indicates that fungal communities are strictly related to the seasonal
physiological state of olives and environmental conditions. Moreover, Xylella significantly affected the
fungal community of all plants (Figure 5d; R = 0.2872, p = 0.0049, Table S4) and this effect occurred
significantly on the FS17 microbiomes (R = 0.3382, p = 0.025; Table S4) while moderately (R = 0.2296,
p = 0.074; Table S4) on those of the cultivar Kalamata. No significant differences were found among
microbiomes of the two cultivars either considering all olives or those having high or low Xylella
abundances and plants sampled in Spring 2017 or Autumn 2018 (Figure 5e; Table S4).
Archaeal communities were not substantially affected by the three considered factors: Cultivar,
season, and Xylella. Although significant differences were observed among all plants belonging to
the two cultivars (Figure 5h; R = 0.09238, p = 0.0504; Table S5) these were very small as can be
inferred by the low value of the R-value. Only a slightly significant difference was determined among
Kalamata communities sampled in the two seasons (R = 0.2185, p = 0.035; Table S5). While no
significant differences were observed among FS17 and Kalamata microbiomes sampled in the two
periods (Figure 5i and Table S5), neither among those having low or high Xylella abundances (Figure 5g
and Table S5). This lack of separation was reflected by the lack of specific Archaea genera driving the
microbiomes (not shown), which further confirmed the independence of Archaea from any of the three
variables (cultivar, season, and Xylella) considered. Because of these findings, no further analyses were
carried out with Archaea.
Considering both periods of sampling, the alpha diversity of bacteria (Figure 6a), fungi (Figure 6b),
and archaea (Figure 6c) FS17 microbiomes was higher than that of Kalamata, although these differences
were not significant. Similarly, a lower diversity was found in bacterial and fungal microbiomes
of plants sampled during Autumn 2018, as compared to those from Spring 2017, although this
was significant only for Fungi. Conversely, intra-plants diversity significantly dropped in bacterial
microbiomes of olives containing high Xylella populations, independently of the cultivars, as could be
expected in plants were the bacterium tends to occupy the whole ecological niche (Figure 6a). A lower
and significant diversity was also found in fungal microbiomes of plants with high Xylella abundance,
while it was not significant for Archaea, although following the same trend (Figures 5c and 6b).
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2.4. Olive Xylem Microbiome Composition by 16S and ITS1 rRNA Gene Analysis
Nonmetric multidimensional scaling (NMDS) plotting was carried out using 16S rRNA gene
data to describe similarities/differences among microbiomes from FS17 and Kalamata trees and the
significance of clustering was tested by ANOSIM and PERMANOVA analysis. The NMDS plots and
ANOSIM analysis showed that the whole bacterial (Figure 7a) and fungal (Figure 7b) communities
composition differ significantly between seasons (Spring vs. Autumn; R = 0.836, p = 0.001 for
Bacteria; R = 0.892, p = 0.001 for Fungi) and between trees (FS17 + Kalamata; R = 0.223, p = 0.01 for
Bacteria; R = 0.322, p = 0.003 for Fungi), with high and low abundance of Xylella, although these
latter dissimilarities were less supported, as showed by a low R-value. In contrast, no significant
differences were found on both bacterial and fungal community composition between cultivars
(FS17 vs. Kalamata). The PERMANOVA analysis corroborated these results, by showing that the
variability on bacterial composition was mainly explained by season (26.6%, p = 0.001) and abundance
of Xylella (12.2%, p = 0.001), while the cultivar only explained 3.3% of the total bacterial variation,
which was not statistically significant (p = 0.252). Similarly, the fungal composition in olive tree xylem
was mainly explained by season and Xylella abundance, being responsible for 26.7% (p = 0.001) and
16.0% (p = 0.002) of the total variation, respectively. Cultivar explained 5.3% of the fungal variation,
but the result was not statistically significant (p = 0.050).
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signific nce (p).
Pathogens 2020, 9, 723 15 of 29
In addition, 16S rRNA gene sequencing confirmed the evidence recovered from the WMSS
showing that Xylella tends to occupy the whole xylem niche negatively affecting the rest of the Bacteria
community. Indeed, considering the two time points, the average ratio of Xylella over total Bacteria
increased from 10.3% to 20.5% for FS17 and from 13.2% to 45% for Kalamata (Table 2). Thus, as observed
from WMSS analysis, FS17 was able to better restrain the multiplication of the bacterium than Kalamata.
The bacterial species richness was significantly different between cultivars (LR chi-square = 7.05,
p < 0.01) and seasons (LR chi-square = 105.57, p < 0.001), being higher in cultivar FS17 and in Spring,
than in cultivar Kalamata and in Autumn, respectively (Figure 8a). The richness of fungal endophytes
only differed significantly (LR chi-square = 120.14, p < 0.001) between seasons, being higher in Spring
than in Autumn (Figure 8b).
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2.5. Bacteria/Fungi Genera Shaping the Olive Xylem Microbiome
To identify factors shaping the bacterial microbiomes, a random forest (RF) analysis, which allows
ranking the importance of bacterial genera, was carried out using data from WMSS. The RF graphical
output shows that Spring 2017 and Autumn 2018 microbiomes were strongly characterized by 12
microbial features (genera). Indeed, Bradyrhizobium, Peptoniphilus, Plantactinospora, Corynebacterium,
and Rhodopseudomonas genera characterize the Autumn microbiomes, while Streptomyces, Friedmanniella,
and Frankia those of Spring (Figure 9a). Besides the obvious Xylella, all other identified genera Brochotrix,
Hydrogenophaga, Klebsiella, Micrococcus, Ralstonia, and Pantoea were significantly but weakly associated
with olives with high Xylella abundance. Conversely, only Bifidobacterium (Figure 9b) moderately
associates with olives having a low Xylella abundance. Whereas not significant genera were identified
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by the comparison of the two cultivars (not shown). Similar results were obtained excluding Xylella
from the dataset.Pathogens 2020, 9, x  16 of 29 
 
 
Figure 9. Graphical summary of the random forest analysis of the bacterial community. Significant 
genera are ranked in decreased order according to their mean decrease accuracy. Color map indicates 
abundance (red)/scarcity (blue) of genera characterizing samples with high or low Xylella abundances 
according to (a) the season or (b) Xylella experimental factors tested. The out-of-bag (OOB) values are 
reported, and the analysis was trained with 5000 trees. 
Random forest analysis perfectly confirmed the main role of the season in differentiating the 
olive fungal microbiomes as the performance of the test was very significant (i.e., the grown trees 
early overlap and the out-of-bag (OOB) value is 0) (Figure 10a). The genus Malassezia was 
significantly associated with the Autumn 2018 microbiomes while the genera Fusarium and 
Pyricularia were found among the Spring 2017-associated microbiomes. Moreover, Xylella role in 
shaping the Fungi microbiome was present although limited, as shown by the low performance (OOB 
= 0.417) of RF analysis (Figure 10b). However, also testing Xylella abundance as an experimental 
factor, Malassezia was identified as an associated genus, in addition to Debaromyces. Conversely, 
fungal genera associated to microbiomes having a low Xylella abundance belonged to 
Thermothelomyces, Fusarium, Yarrowia, and Naumovozyma (Figure 10b). Similarly, to identify a set of 
bacterial/fungal genera associated to Xylella (high vs. low), host cultivar (FS17 vs. Kalamata), and 
season (Spring vs. Autumn), a co-inertia analysis was performed either for bacteria (Figure 11a) or 
fungi (Figure 11b) using data from 16S and ITS1 rRNA gene sequencing, respectively. The results 
showed a set of bacterial genera positively associated with a high abundance of Xylella, with Thermus, 
Paracoccus, Sarcina, Neisseria, and Streptococcus being the predominant genera. Members of these 
genera were also found to be positively correlated with Autumn 2018. In contrast, olive tree samples 
from Spring 2017 and with low abundance of Xylella, were found to be positively correlated with the 
presence of members belonging mostly to Mucispirillum, Lachnospiraceae, Blautia, Staphylococcus, and 
one unknown bacteria (S24-7). Olive cultivars could not be differentiated based on the association of 
Figure 9. Graphical summary of the random forest analysis of the bacterial community. Significant
genera are ranked in decreased order according to their mean decrease accuracy. Color map indicates
abundance (red)/scarcity (blue) of genera characterizing samples with high or low Xylella abundances
according to (a) the season or (b) Xylella experimental factors tested. The out-of-bag (OOB) values are
reported, and the analysis was trained with 5000 trees.
Random forest analysis perfectly confirmed the main role of the season in differentiating the olive
fungal microbiomes as the performance of the test was very significant (i.e., the grown trees early overlap
and the out-of-bag (OOB) value is 0) (Figure 10a). The genus Malassezia was significantly associated
with the Autumn 2018 microbiomes while the genera Fusarium and Pyricularia were found among the
Spring 2017-associated microbiomes. Moreover, Xylella role in shaping the Fungi microbiome was
present although limited, as shown by the low performance (OOB = 0.417) of RF analysis (Figure 10b).
However, also testing Xylella abundance as an experimental factor, Malassezia was identified as an
associated genus, in addition to Debaromyces. Conversely, fungal genera associated to microbiomes
having a low Xylella abundance belonged to Thermothelomyces, Fusarium, Yarrowia, and Naumovozyma
(Figure 10b). Similarly, to identify a set of bacterial/fungal genera associated to Xylella (high vs.
low), host cultivar (FS17 vs. Kalamata), and season (Spring vs. Autumn), a co-inertia analysis was
performed either for bacteria (Figure 11a) or fungi (Figure 11b) using data from 16S and ITS1 rRNA
gene sequencing, respectively. The results showed a set of bacterial genera positively associated
with a high abundance of Xylella, with Thermus, Paracoccus, Sarcina, Neisseria, and Streptococcus being
the predominant genera. Members of these genera were also found to be positively correlated with
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Autumn 2018. In contrast, olive tree samples from Spring 2017 and with low abundance of Xylella,
were found to be positively correlated with the presence of members belonging mostly to Mucispirillum,
Lachnospiraceae, Blautia, Staphylococcus, and one unknown bacteria (S24-7). Olive cultivars could not
be differentiated based on the association of specific bacterial endophytes. Co-inertia analysis also
revealed that a set of fungal genera were positively correlated to each season or Xylella abundance
(high/low), whereas host plant cultivars were not differentiated by fungal endophytes (Figure 11b).
In particular, the fungal genera Peniophoraceae, Malassezia, Alternaria, Neocucurbitaria, and Elsinoaceae
were found to be the most positively correlated to trees with a high abundance of Xylella and collected
in Autumn 2018. In contrast, the fungal genera Catenulostroma, Monticola, Arthrocatena, and Didymella
were the most positively correlated to trees with a low abundance of Xylella and with Spring 2017.
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3. Discussion
An in silico analysis of the xylem microbiome of field-grown olives exposed to natural X. fastidiosa
infection was performed with two sequencing approaches, a classical 16S/ITS rRNA gene amplicon
sequencing and WMSS. Both approaches have their pros and cons, which mainly rely on the analysis of
a single gene, consolidated pipelines for the analysis, and low costs for 16S/ITS rRNA gene, opposed to
higher sequencing depths, costs, and data recovery using WMSS [47–50].
To the best of our knowledge, this is the first study investigating the WMSS analysis of the
xylem microbiomes of trees infected with X. fastidiosa, using non-targeted sequencing. Although the
recovered sequence data largely originated (up to 99.92%) from the olive genome, the depth of WMSS
was exhaustive of the bacterial, fungal, and archaeal endophytic microbiome of these plants, as shown
by the rarefaction analysis and the taxa identified, which are similar to those reported in other studies
in olive (see below). WMSS returned reads classified in the Bacteria, Archaea, and Eukarya kingdoms,
this latter composed of plant and fungal taxa. Virus-associated reads were found, but their study was
abandoned not only for the paucity of the viral-sequences recovered, but also considering that the
majority (~65%) of the plant-associated viruses are RNA-viruses, and localize in the phloem or the
parenchyma of the infected hosts, while our analysis targeted the xylem tissues. Indeed, the presence
of viruses in the xylem is a poorly investigated subject of research and evidence reports the release in
the extracellular space of “virus-replication factories” of RNA-genome species which, however, seems
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to contribute to the systemic Virus spread, while the presence of intact viral particles is not completely
demonstrated [51,52].
Bacteria were found to be the main class of microorganisms inhabiting the olives endophyte
microbiome, reaching 99.14% of all microbe-associated reads, a finding previously reported in WMSS
analyses of Arabidopsis thaliana microbiome [27,53] and likely explained by the larger size of fungal
genomes that, together with the lack of sufficient fungal genomic data available in databases, limit their
classification. Conversely, 16S/ITS rRNA gene analysis returned the opposite picture, showing that the
majority of classified reads were from fungi, a result likely biased by the high percentage (up to 99%)
of reads amplified by the 16SrRNA gene primers that indeed belonged to the olive genome. The same
problem has been reported by many other researchers being most critical in plant above-ground green
tissues, including in olive trees [39]. Despite the differences in bacteria/fungi relative composition,
both sequencing approaches (WMSS and 16S rRNA gene) identified Proteobacteria, Actinobacteria,
Firmicutes, and Bacteriodetes as the most dominant phyla, in agreement with previous studies [39,40].
A good correlation in the classification of the bacterial taxa was obtained between the two sequencing
approaches at higher taxonomical levels (phylum, order, and class), while it decreased when lower
levels were considered, likely due to the different depth of the data. These four dominant phyla
were indeed found to be predominant in the microbiomes recovered from Xylella-infected Leccino
and Cellina di Nardò trees [46], as well as in the endophytic microbiome of healthy olive trees [41].
The dominant fungal phyla were Ascomycota and Basidiomycota, confirming previous ITS microbiome
analyses [42,44,46,54], but the agreement between WMSS and ITS rRNA gene approaches was not
maintained as different taxa abundances were classified at all taxonomic levels. The occurrence of
Archaea was confirmed by WMSS analysis and, as in the study of Müller et al. [39], Euryarchaeota,
Crenarchaeota, and Thaumarchaeota were the most represented phyla. Little is known about the role
of these microbes in plant microbiomes, in which they have been found as main constituents [55].
Perhaps, the xylem microbiome is an appropriate ecological niche for these extremophiles and notably,
in our analysis, it is particularly rich in several methanogenic genera that thrive in these conditions.
When the whole microbial communities are considered, in contrast with previous studies [56,57],
no cultivar effect on bacterial and fungal endophytic assemblages was found using both sequencing
approaches. However, our result is in agreement with the results of a recent microbiome investigation
on the Verticillium-olive pathosystem showing similar root endosphere and rhizosphere microbial
communities between susceptible and tolerant cultivars [37]. In our study, the negligible host cultivar
effect on microbiome composition might be explained by the high presence/abundance of Xylella in the
orchards surveyed that seems to have overshadowed the effect of host cultivar in shaping endophytic
microbial communities. Indeed, the level of Xylella abundance showed to have a strong effect on
endophytic assemblage, explaining 12.2% or 16.0% of the variance in bacterial and fungal diversity
across samples, respectively in the 16S/ITS1 rRNA gene analysis, while in WMSS analysis Xylella
represented 72.14% of the bacterial endophytic microbiome in the orchard. Our analysis shows that
Xylella abundance largely increased over time, tending to occupy the whole bacterial niche of the
xylem. However, a major and significant effect of Xylella is exerted on the bacterial community of the
cultivar Kalamata, thus showing that FS17, although infected, is more resilient to the presence of X.
fastidiosa. Thus, we hypothesized that olive tree-associated microbial assemblages are probably shaped
by niche-based processes, being the interaction between Xylella and the native microbiome a key driver
of these selective forces, as previously suggested by McNally and Brown [58]. In both olive cultivars,
an increase in Xylella abundance over time was observed, which seems to have a large impact on the
rest of the microbial community, except for Archaea. It is possible that during the colonization of plant
tissues, Xylella utilizes methods to displace resident species from their established niches to create
its own niche. Such microbes that are likely to exert a high influence on the structure of microbial
communities have recently been termed as keystone species [59].
Season was the most important parameter for shaping the bacterial and fungal communities in
both WMSS and 16S/ITS1 rRNA gene analyses. Likewise, seasonal variations were found to affect
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bacterial [60] and fungal [61] endophytic communities of other plant species, including olive trees [44].
The highest abundance and richness of Bacteria and Fungi observed during Spring may be due to
climatic conditions that favor the growth or dispersal of microorganisms, as previously suggested [44].
However, the decrease of microbial diversity in Autumn might also be a response to the increase in
Xylella abundance on the endophytic community of olive trees from Spring 2017 to Autumn 2018.
Within these communities, Xylella may compete with their neighbors for space and resources, which
may lead to changes in microbial diversity [62]. Archaea communities, only detected in WMSS, did not
significantly change according to the season, X. fastidiosa infection status, and cultivars, perhaps
because of their higher ability to adapt to changing environmental conditions. Any conclusion about
their role and microbial interactions in the olive microbiome is very speculative.
Unfortunately, we did not find a consensus between both sequencing strategies concerning
the identification of bacterial and fungal consortia strongly associated with Xylella abundance,
the olive cultivar, or the season. With 16S/ITS1 rRNA gene a set of bacterial (Thermus, Paracoccus,
Sarcina, Neisseria, and Streptococcus) and fungal (Peniophoraceae, Malassezia, Alternaria, Neocucurbitaria,
and Elsinoaceae) taxa, at genus/family level, highly positively correlated with the high abundance
of Xylella, was found. The genus Thermus can be found in many diverse habitats [63] including
insects’ gut microbiome [64], and plants’ microbiome [65] with no specifically recognized function.
Paracoccus genus includes species with plant growth-promoting traits [66]. Sarcina has been identified
as part of animals’ gut microbiota [67]. Members of the genera Neisseria [68], Streptococcus [69],
Malassezia [70], and Neocucurbitaria [71] are mostly described as human pathogens, being not mentioned
in literature for their association to plants. The genus Alternaria includes both plant-pathogenic and
saprophytic species and is one of the most well-known fungal genera that produces diverse secondary
metabolites, including toxins [72] and antimicrobial compounds [73]. The family Peniophoraceae
comprises saprophytic Fungi, whose role in plants is still not known [74]. The Elsinoaceae family is
not well-studied but it is known to include plant pathogens [75]. This lack of consistency in cultivar-
or resistance-associated Bacteria was also revealed in a companion paper [76] where endophytes,
and among the others, members of the Methylobacterium and Curtobacterium genera previously indicated
as potential biocontrol endophytes [31,32], were isolated from the same FS17 and Kalamata olives.
All the isolated genera (Methylobacterium, Sphingomonas, Curtobacterium, Novosphingobium, Frondihabitans,
Agrococcus, and Micrococcus) were identified in WMSS and the majority of them in 16S rRNA gene
analysis, but none were found having in vitro antagonistic activity against Xylella [76]. In addition,
the present work does not identify the association of microbial consortia with the host resistance,
leaving open the possibility that other plant traits are responsible for controlling Xylella population
size and its pathogenic effects.
Among the season-associated Bacteria, WMSS identified the nitrogen-fixing Bradyrhizobium
genus [77], already reported in olive by [41], the anaerobes Peptoniphilus [78], which include human
pathogenic species, and the Streptomyces genus, whose members are known as bioremediators and
plant-growth-promoters [79]. The only WMSS and 16S/ITS rRNA gene shared genus was Malassezia
that was positively associated to plants with high Xylella abundance.
In conclusion, the bacterial and fungal communities in olive trees xylem appeared to be more
tightly structured by season and Xylella abundance, than by host cultivar, probably due to the high
pressure of inoculum in the orchard where olive trees were sampled. We hypothesized that Xylella
interacts with the host and the native microbiome dynamically, being responsible for shaping the
whole microbial community. However, this effect was variable depending on host cultivar, being
microbiome-associated Kalamata was more prone to change than those of cultivar FS17, due to the
presence of Xylella. Indeed, Xylella colonization is significantly more extensive in Kalamata than
FS17, which confirms, together with the limitedness of symptoms, the traits of resistance identified in
the latter cultivar. Altogether, these results suggest that other mechanisms, likely controlling Xylella
population size and its pathogenic effects by genetic [13] or anatomic [7] traits, may be responsible for
this phenotype.
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4. Materials and Methods
4.1. Collection of Plant Samples
The endophytic microbiome colonizing the xylem tissues was analyzed from 12 field-grown
olive trees of the susceptible (Kalamata) and resistant (FS17) cultivars (six each) exposed to natural X.
fastidiosa infections. Trees were sampled and analyzed twice, in Spring 2017 when infections were still
confined with the bacterium in most cases close or under the limit of detection of the qPCR assay and
trees being mostly symptomless, and then in Autumn 2018 when the infections reached detectable
population levels in trees of both cultivars, with trees of the cultivar Kalamata showing manifest branch
desiccations while canopies of the FS17 trees were still symptomless or showing very mild desiccations
(i.e., tree FS43). More specifically, samples were collected during April 2017 and November 2018 to
take into account the incubation period of the infections [80], and concomitantly to evaluate the change
in the microbiomes of resistant and susceptible cultivars with respect to Xylella infections.
Samples, consisting of young olive twigs (approximately 0.5 cm diameter), were collected in April
2017 (Spring) and November 2018 (Autumn) from olive trees located in the X. fastidiosa-outbreak area
in Apulia, in the municipality of Sannicola (40◦07′13.77” N, 18◦02′40.51” E, Lecce, Italy). Trees from
the cultivars FS17 and Kalamata, approximately of the same age (15 years old), were in distinct rows of
the same orchard, under the same agricultural management practices. Samples were collected from
six trees of each cultivar in 2017 and the same trees in 2018. Following EPPO PM 7/24 (4) standard
guidelines [81], 10 twigs of about 0.5 cm in diameter were collected from each tree in the mid part of the
canopy, from the four cardinal points, avoiding tissues in an advanced stage of desiccation. Samples
were immediately stored in sealed plastic bags and kept refrigerated at 4 ◦C to avoid dehydration until
later processing in the laboratory.
4.2. Extraction of Total DNA and Detection of Xylella Fastidiosa
For microbiome DNA extraction from xylem tissue, twigs from each tree sample were cut into
10-cm-long pieces and washed with running tap water, before surface sterilization by sequential
dipping in 2% sodium hypochlorite for 2 min, 70% ethanol for 2 min, and three rinses in sterile distilled
water. Aliquots of the sterile distilled water used in the final rinse were plated onto tryptic soy agar
(TSA). After incubation at 25 ◦C for 15 days no colonies were apparent, thus confirming the efficacy
of the disinfection procedure [82]. After surface disinfection, the end of each twig section and the
bark were removed and the debarked tissue was scraped until the hard xylem was exposed, with a
sterile scalpel. A total of 1 g of xylem chips was weighed from each tree, placed in a sealed sterile bag
(BIOREBA AG, Switzerland) containing 10 mL of hexadecyltrimethylammonium bromide (CTAB),
and macerated with a Homex homogenizer (BIOREBA AG, Switzerland). Sample processing was
performed in sterile conditions within a flow hood chamber. Samples were further processed for total
DNA extraction, performed according to Loconsole et al. [83] and followed by treatment with 50 µg/mL
RNase A (Zymo Research Corporation, Orange, CA, USA).
The presence of X. fastidiosa in the DNA extracts was assessed by quantitative polymerase chain
reaction (qPCR) according to the protocol previously described by Harper et al. [84], using primers
XF-F (5′-CACGGCTGGTAACGGAAGA-3′), XF-R (5′-GGGTTGCGTGGTGAAATCAAG-3′), and XF-P
probe (5′-FAM-TCGCATCCCGTGGCTCAGTCC-BHQ1-3′). The qPCR reactions were performed on a
CFX 96™ Real-Time System (BioRad Laboratories, Hercules, CA, USA), with TaqMan® Fast Advanced
Master Mix (Thermo Fisher Scientific, Waltham, MA, USA), using the following cycling conditions:
95 ◦C for 5 min, then 40 cycles of 94 ◦C for 10 s and 62 ◦C for 40 s. Estimated X. fastidiosa population size,
corresponding to each Cq value, was inferred by a standard calibration curve. The linear regression
equation was computed from a triplicate assay using DNA extracted from 10-fold serial dilutions
of bacterial suspension, ranging from 107 to 102 CFU/mL, and spiked in homogenized tissues of
non-infected olives.
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Statistical comparison of the average estimated X. fastidiosa population size among the four
different samplings (i.e., FS17 April 2017, Kalamata April 2017, FS17 November 2018, Kalamata
November 2018) was performed by one-way analysis of variance (ANOVA), followed by Tukey’s
post-hoc pairwise comparison. To ensure that the assumptions required for standard parametric
analysis of variance were satisfied, the normal distribution of data had been preliminarily ascertained
by the Shapiro–Wilk’s test, and homogeneity of variance assessed according to Levene’s test. In all
analyses, the null hypothesis was rejected at the 0.05 α-level.
4.3. Whole Metagenome Shotgun Sequencing and Bioinformatic Analysis
WMSS was performed with the Illumina 2× 150 bp format using the TruSeq DNA PCR-free protocol
(Illumina Inc., San Diego, CA, USA) that allows a representation of the underlying species composition
and relative abundances in a sample without the introduction of PCR bias. Library preparation
and sequencing were outsourced to Macrogen Europe (the Netherlands) for tissues sampled in 2017
and to LGC Biosearch Technologies (Germany) for tissues sampled in 2018. The raw reads obtained
were quality checked and, whenever required, adaptor sequences were trimmed out using FastQC
tool (Andrews, 2010) and reads with a final length <20 bases were discarded. Taxonomic profiling
of the raw Illumina read dataset was carried out with Kraken, an ultrafast metagenomic sequence
classification tool (Wood and Salzberg, 2014), toward a Kraken database, built using a custom Perl
script [85] and the default 31 k-mer. The obtained database consisted of 687 sequences from Archaea,
1337 chromosome sequences plus 8078 complete genome sequences from Bacteria, 249 sequences from
Fungi, and 7540 complete genome sequences of Viruses. This initial analysis classified the majority of
reads as belonging to the Fungi kingdom, but an in-depth BLASTn search of this fraction disclosed
that these reads indeed corresponded to plant DNA sequences. We, therefore, discarded these data
and successively re-classified reads with Kraken 2, the newest version of the software [86], using a
custom-made Kraken database that includes: 533 (Archaea), 38,758 (Bacteria), 11,953 (Viruses), 1472
(Fungi), and 621,633 (plant) sequences, respectively, and a longer 41 k-mer. Raw reads from each
sample were searched against this custom-made Kraken database, resulting in their classification at
different taxonomic levels.
Plant reads corresponding to ribosomal RNAs were manually eliminated from the Kraken files
after being identified by BLASTn analysis. Kraken 2.mpa files were imported in MEGAN [87] from
which separate Bacteria, Fungi, Archaea, and Viruses comparison.txt files were produced by using
absolute read counts and ignoring all unassigned reads. To correct for the different sequencing depth of
libraries, microbial reads (i.e., Bacteria, Fungi, Archaea, and Viruses) from the respective comparison.txt
files were normalized according to Regalado et al. [27], by using plant reads as internal spike-in. Briefly,
Kraken 2-classified data were normalized according to the formula
Xnormi = P̂ ·
Xrawi
Pi
were Xnormi, P, Xrawi, and Pi stand respectively for the normalized reads in samplei, the average
number of plant reads among all samples, the raw number of reads assigned to a microbial taxon,
and the number of plant reads in that sample. Microbe-normalized comparison.txt files containing
data from all libraries were imported in MicrobiomeAnalyst [88,89] where taxa having less than a 20%
prevalence and with a minimum of 10, 50, 10, and 10 reads for Archea, Bacteria, Fungi, and Viruses,
respectively, were filtered out (a 20% prevalence filter with a minimum of 50 reads means that at
least 20% of its values should contain at least 50 reads in the case of Bacteria). Data having a low
variance (i.e., taxa constant throughout the samples) were filtered by applying a 10% inter-quantile
range measure of variance and were further normalized according to clr transformation, to take into
account the compositional nature of the metagenomic data [90].
Good’s coverage index (which estimates the probability that the next read will belong to an existing
taxon) and biomarkers characterizing Xylella abundance (high vs. low), cultivar (FS17 vs. Kalamata), and
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season (Spring vs. Autumn), were estimated by random forest analysis, by using MicrobiomeAnalyst
with default parameters of 5000 trees to grow and randomness setting parameters. Clr-transformed
data were ordinated by principal component analysis (PCA) using a variance-covariance matrix and
the significance of the clustering was tested by analysis of group similarities (ANOSIM), computed
using the Euclidean index of distance similarity, by the PAST3 software [91].
Pearson’s correlation analysis was performed to analyze the correlation between the proportion
of Xylella to total bacterial reads and the population size, as estimated by qPCR. The assumption of
normal distribution was preliminarily assessed by the Shapiro–Wilk’s test. Statistical significance was
accepted at the α = 0.05 level.
4.4. 16S and ITS1 rRNA Gene Library Sequencing and Bioinformatic Analysis
The DNA was analyzed by high throughput sequencing using Illumina MiSeq platform with the
paired-end option (2 × 250 bp). Bacterial community present in xylem wood shavings were assessed
by sequencing the V4 region of the 16S gene of rRNA gene with the primer pairs 515f/806rB [92],
using services available at the Instituto Gulbenkian de Ciência (IGC, Portugal). For the fungal
community, the ITS1 region of rRNA gene was amplified with the primer pairs ITS1F/ITS2 [92] and
custom sequenced at LGC Biosearch Technologies (Germany) facilities. The raw sequencing data were
first subjected to a quality report visualized in FastQC. Based on the quality scores, read trimming
was performed in Sickle [93] to eliminate the incorrectly placed bases in the 3′-end and 5′-end regions,
to obtain a greater read quality. Singles, i.e., unpaired reads, for which only the reverse or forward
sequence was approved on the quality report, were also eliminated, keeping only good quality paired
reads for the following analysis. After trimming, read errors constructed during the sequencing
process were corrected using SPAdes [94]. The merge of overlapping paired-end reads was performed
using USEARCH [95]. A new quality report was then performed with FastQC. From this report, read
filtering parameters based on expected amplicon size were determined. The filtering was applied
using ea-utils [96]. Clustering of reads in OTUs, and their taxonomic assignment at 97% similarity, was
performed with MICCA [97]. Taxonomic classification was assigned by using the reference database
SILVA version 132 [98,99] for the Bacteria and UNITE version 8.0 [100,101] for the Fungi. Unassigned
OTUs and those that were identified as mitochondrial or plastid DNA, as well as OTUs with low
abundance (i.e., less than five or 10 reads for Bacteria and Fungi, respectively), were removed from
further analyses. All statistical analyses were performed by using this dataset, where the Xylella species
data were excluded.
The effect of the abundance of Xylella, host cultivar, and season in the microbiome diversity was
determined by evaluating the richness by using the vegan package [102] and diversity function in R
software [103]. To compare the differences between means, one-way ANOVA, followed by Tukey’s
post-hoc test (significance level α = 0.05) was performed by using the same software.
Non-metric multidimensional scaling (NMDS) was performed using Bray–Curtis index with
normalized OTU matrix, to calculate the average dissimilarity in the composition of bacterial or fungal
communities in olive tree xylem due to different Xylella abundance (high vs. low), host cultivar
(FS17 vs. Kalamata), and season (Spring vs. Autumn). Kruskal’s stress was used to estimate the
model’s goodness of fit, with a commonly accepted value when lower than 0.2 [104]. ANOSIM analysis
of similarity was also performed, using Bray–Curtis distance matrices, to find significant differences
between the bacterial or fungal community groups observed in NMDS ordination. This analysis
generates a p-value (significant if ≤ 0.05) associated to an R-value, which ranges from 0 (completely
similar) to 1 (completely different) [105]. Both NMDS and ANOSIM analyses were performed using
the vegan package (metaMDS and anosim functions, respectively) in R software.
Contribution of Xylella abundance, host cultivar, and season to the xylem microbiome community
structure was deciphered by using permutational multivariate analysis of variance (PERMANOVA),
which was performed using the function adonis in the R vegan package. Additionally, a co-inertia
analysis (CIA) was conducted to determine the relationship between bacterial/fungal genera and the
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abundance of X. fastidiosa, host cultivar, or season. This analysis was performed in R, using the ade4
package [106] and the table.value function to visualize the results.
Raw sequence reads and related metadata were deposited at the Sequence Read Archive (National
Center for Biotechnology Information, USA National Library of Medicine, Bioproject #PRJNA629675:
https://www.ncbi.nlm.nih.gov/bioproject/PRJNA629675).
Supplementary Materials: The following are available online at http://www.mdpi.com/2076-0817/9/9/723/s1,
Figure S1: Pearson’s correlation analysis between X. fastidiosa average population size and Xylella/Bacteria relative
read abundance, Figure S2: Average estimated X. fastidiosa population size among the four different samplings,
Figure S3: Linear correlation between Xylella and total Bacteria, Table S1: Good’s coverage index estimation for
Bacteria, Fungi and Archaea, Table S2: Results of one-way ANOVA comparing the average estimated X. fastidiosa
population size among the four different samplings, Table S3: Summary of the ANOSIM statistics comparing
Bacteria microbiomes, Table S4: Summary of the ANOSIM statistics comparing Fungi microbiomes, Table S5:
Summary of the ANOSIM statistics comparing Archaea microbiomes, File S1: Bacteria abundance, File S2: Fungi
abundance, File S3: Archaea abundance, File S4: Virus abundance.
Author Contributions: Conceptualization, P.S., A.G., P.B., M.S., J.A.P., M.M.; bioinformatics methodology, A.G.,
T.L.N., D.C.; analysis of WGSS libraries, A.G., P.S.; analysis of 16S/ITS libraries, C.C., T.L.N., D.C., P.B.; statistical
analysis and data elaboration, P.S., M.M., P.B.; lab methodology and DNA extraction, M.M., G.D.; qPCR assays, G.D.,
R.A.K.; field inspections and sample collection, G.A.; writing—original draft preparation, P.S.; writing—review
and editing, P.B., M.M., M.S.; funding acquisition, M.S., P.B., J.A.P.; project administration, M.S., P.S., P.B., J.A.P.
All authors have read and agreed to the published version of the manuscript.
Funding: This research was funded by the EU H2020 Research Project XF-ACTORS “Xylella Fastidiosa Active
Containment Through a multidisciplinary-Oriented Research Strategy” (Grant Agreement 727987) and by the
Mountain Research Center—CIMO (UIDB/00690/2020) and BioISI (UIDB/04046/2020). The Funding Agencies are
not responsible for any use that may be made of the information it contains.
Acknowledgments: This work is part of Cristina Cameirão Ph.D. thesis at Instituto Politécnico de Bragança,
Portugal (“Exploitation of plant microbiota in the development of new approaches to manage Xylella fastidiosa and
its insect vectors”). The authors gratefully thank Donato Boscia for his contribution to the identification of the
experimental site and the valid advice in field observations and on the evaluation of the disease progress.
Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to
publish the results.
References
1. Schaad, N.W.; Postnikova, E.; Lacy, G.; Chang, C.-J. Xylella fastidiosa subspecies: X. fastidiosa subsp piercei,
subsp. nov., X. fastidiosa subsp. multiplex subsp. nov., and X. fastidiosa subsp. pauca subsp. nov. Syst. Appl.
Microbiol. 2004, 27, 290–300. [CrossRef]
2. Saponari, M.; Giampetruzzi, A.; Loconsole, G.; Boscia, D.; Saldarelli, P. Xylella fastidiosa in olive in Apulia:
Where we stand. Phytopathology 2019, 109, 175–186. [CrossRef]
3. Rapicavoli, J.; Ingel, B.; Blanco-Ulate, B.; Cantu, D.; Roper, C. Xylella fastidiosa: An examination of a
re-emerging plant pathogen. Mol. Plant Pathol. 2018, 19, 786–800. [CrossRef] [PubMed]
4. Saponari, M.; Boscia, D.; Nigro, F.; Martelli, G.P. Identification of DNA sequences related to Xylella fastidiosa
in oleander, almond and olive trees exhibiting leaf schorch symptoms in Apulia (Southern Italy). J. Plant
Pathol. 2013, 95. [CrossRef]
5. Authority, E.F.S. Update of the Xylella spp. host plant database—Systematic literature search up to 30 June
2019. EFSA J. 2020, 18, e06114.
6. Cavalieri, V.; Altamura, G.; Fumarola, G.; di Carolo, M.; Saponari, M.; Cornara, D.; Bosco, D.; Dongiovanni, C.
Transmission of Xylella fastidiosa subspecies pauca sequence type 53 by different insect species. Insects 2019,
10, 324. [CrossRef] [PubMed]
7. Deyett, E.; Pouzoulet, J.; Yang, J.I.; Ashworth, V.; Castro, C.; Roper, M.; Rolshausen, P. Assessment of Pierce’s
disease susceptibility in Vitis vinifera cultivars with different pedigrees. Plant Pathol. 2019, 68, 1079–1087.
[CrossRef]
8. Riaz, S.; Huerta-Acosta, K.; Tenscher, A.; Walker, M. Genetic characterization of Vitis germplasm collected
from the southwestern US and Mexico to expedite Pierce’s disease-resistance breeding. Theor. Appl. Genet.
2018, 131, 1589–1602. [CrossRef] [PubMed]
Pathogens 2020, 9, 723 25 of 29
9. Coletta-Filho, H.; Pereira, E.; Souza, A.; Takita, M.; Cristofani-Yale, M.; Machado, M. Analysis of resistance to
Xylella fastidiosa within a hybrid population of Pera sweet orangex Murcott tangor. Plant Pathol. 2007, 56,
661–668. [CrossRef]
10. Rodrigues, C.M.; de Souza, A.A.; Takita, M.A.; Kishi, L.T.; Machado, M.A. RNA-Seq analysis of Citrus
reticulata in the early stages of Xylella fastidiosa infection reveals auxin-related genes as a defense response.
BMC Genom. 2013, 14, 676. [CrossRef] [PubMed]
11. Niza, B.; Coletta-Filho, H.; Merfa, M.; Takita, M.; de Souza, A. Differential colonization patterns of Xylella
fastidiosa infecting citrus genotypes. Plant Pathol. 2015, 64, 1259–1269. [CrossRef]
12. Mauricio, F.; Soratto, T.; Diogo, J.; Boscariol-Camargo, R.; De Souza, A.; Coletta-Filho, H.; Silva, J.; Medeiros, A.;
Machado, M.; Cristofani-Yaly, M. Analysis of defense-related gene expression in citrus hybrids infected by
Xylella fastidiosa. Phytopathology 2019, 109, 301–306. [CrossRef]
13. Giampetruzzi, A.; Morelli, M.; Saponari, M.; Loconsole, G.; Chiumenti, M.; Boscia, D.; Savino, V.N.;
Martelli, G.P.; Saldarelli, P. Transcriptome profiling of two olive cultivars in response to infection by the
CoDiRO strain of Xylella fastidiosa subsp. pauca. BMC Genom. 2016, 17, 475. [CrossRef] [PubMed]
14. Boscia, D.; Altamura, G.; Ciniero, A.; Di Carolo, M.; Dongiovanni, C.; Fumarola, G.; Giampetruzzi, A.;
Greco, P.; La Notte, P.; Loconsole, G. Resistenza a Xylella fastidiosa in diverse cultivar di olivo. L’inform. Agr.
2017, 11, 59–63.
15. Sabella, E.; Luvisi, A.; Aprile, A.; Negro, C.; Vergine, M.; Nicolì, F.; Miceli, A.; de Bellis, L. Xylella fastidiosa
induces differential expression of lignification related-genes and lignin accumulation in tolerant olive trees
cv. Leccino. J. Plant Physiol. 2018, 220, 60–68. [CrossRef] [PubMed]
16. Novelli, S.; Gismondi, A.; Di Marco, G.; Canuti, L.; Nanni, V.; Canini, A. Plant defense factors involved
in Olea europaea resistance against Xylella fastidiosa infection. J. Plant Res. 2019, 132, 439–455. [CrossRef]
[PubMed]
17. D’Attoma, G.; Morelli, M.; Saldarelli, P.; Saponari, M.; Giampetruzzi, A.; Boscia, D.; Savino, V.N.;
de La Fuente, L.; Cobine, P.A. Ionomic differences between susceptible and resistant olive cultivars infected
by Xylella fastidiosa in the outbreak area of salento, italy. Pathogens 2019, 8, 272. [CrossRef]
18. Hopkins, D.L.; Purcell, A.H. Xylella fastidiosa: Cause of Pierce’s disease of grapevine and other emergent
diseases. Plant Dis. 2002, 86, 1056–1066. [CrossRef]
19. McElrone, A.J.; Sherald, J.L.; Forseth, I.N. Interactive effects of water stress and xylem-limited bacterial
infection on the water relations of a host vine. J. Exp. Bot. 2003, 54, 419–430. [CrossRef]
20. Krivanek, A.; Riaz, S.; Walker, M. Identification and molecular mapping of PdR1, a primary resistance gene
to Pierce’s disease in Vitis. Theor. Appl. Genet. 2006, 112, 1125–1131. [CrossRef]
21. Baccari, C.; Lindow, S.E. Assessment of the process of movement of Xylella fastidiosa within susceptible and
resistant grape cultivars. Phytopathology 2011, 101, 77–84. [CrossRef] [PubMed]
22. Turner, T.R.; James, E.K.; Poole, P.S. The plant microbiome. Genome Biol. 2013, 14, 209. [CrossRef] [PubMed]
23. Berg, G.; Grube, M.; Schloter, M.; Smalla, K. Unraveling the plant microbiome: Looking back and future
perspectives. Front. Microbiol. 2014, 5, 148. [CrossRef] [PubMed]
24. Schlaeppi, K.; Bulgarelli, D. The plant microbiome at work. Mol. Plant Microbe Interact. 2015, 28, 212–217.
[CrossRef]
25. Lucaciu, R.; Pelikan, C.; Gerner, S.; Zioutis, C.; Köstlbacher, S.; Marx, H.; Herbold, C.W.; Schmidt, H.; Rattei, T.
A bioinformatics guide to plant microbiome analysis. Front. Plant Sci. 2019, 10, 1313. [CrossRef]
26. Hillmann, B.; Al-Ghalith, G.A.; Shields-Cutler, R.R.; Zhu, Q.; Gohl, D.M.; Beckman, K.B.; Knight, R.;
Knights, D. Evaluating the information content of shallow shotgun metagenomics. Msystems 2018, 3,
e00069-18. [CrossRef]
27. Regalado, J.; Lundberg, D.S.; Deusch, O.; Kersten, S.; Karasov, T.L.; Poersch, K.; Shirsekar, G.; Weigel, D.
Combining whole genome shotgun sequencing and rDNA amplicon analyses to improve detection of
microbe-microbe interaction networks in plant leaves. Nature 2020, 14, 2116–2130.
28. Dourado, M.N.; Bogas, A.C.; Pomini, A.M.; Andreote, F.D.; Quecine, M.C.; Marsaioli, A.J.; Araújo, W.L.
Methylobacterium-plant interaction genes regulated by plant exudate and quorum sensing molecules. Braz.
J. Microbiol. 2013, 44, 1331–1339. [CrossRef]
29. Dourado, M.N.; Santos, D.S.; Nunes, L.R.; Costa de Oliveira, R.L.B.d.; de Oliveira, M.V.; Araujo, W.L.
Differential gene expression in Xylella fastidiosa 9a5c during co-cultivation with the endophytic bacterium
Methylobacterium mesophilicum SR1. J. Basic Microbiol. 2015, 55, 1357–1366. [CrossRef]
Pathogens 2020, 9, 723 26 of 29
30. Azevedo, J.L.; Araújo, W.L.; Lacava, P.T. The diversity of citrus endophytic bacteria and their interactions
with Xylella fastidiosa and host plants. Genet. Mol. Biol. 2016, 39, 476–491. [CrossRef]
31. Lacava, P.; Araújo, W.L.; Marcon, J.; Maccheroni, W., Jr.; Azevedo, J.L.D. Interaction between endophytic
bacteria from citrus plants and the phytopathogenic bacteria Xylella fastidiosa, causal agent of citrus-variegated
chlorosis. Lett. Appl. Microbiol. 2004, 39, 55–59. [CrossRef] [PubMed]
32. Lacava, P.T.; Li, W.; Araújo, W.L.; Azevedo, J.L.c.; Hartung, J.S. The endophyte Curtobacterium flaccumfaciens
reduces symptoms caused by Xylella fastidiosa in Catharanthus roseus. J. Microbiol. 2007, 45, 388. [PubMed]
33. Deyett, E.; Rolshausen, P.E. Temporal dynamics of the sap microbiome of grapevine under high pierce’s
disease pressure. Front. Plant Sci. 2019, 10, 1246. [CrossRef]
34. Deyett, E.; Roper, M.C.; Ruegger, P.; Yang, J.-I.; Borneman, J.; Rolshausen, P.E. Microbial landscape of the
grapevine endosphere in the context of Pierce’s disease. Phytobiomes 2017, 1, 138–149. [CrossRef]
35. Caliz, J.; Montes-Borrego, M.; Triado-Margarit, X.; Metsis, M.; Landa, B.B.; Casamayor, E.O. Influence of
edaphic, climatic, and agronomic factors on the composition and abundance of nitrifying microorganisms in
the rhizosphere of commercial olive crops. PLoS ONE 2015, 10, e125787. [CrossRef] [PubMed]
36. Montes-Borrego, M.; Navas-Cortés, J.A.; Landa, B.B. Linking microbial functional diversity of olive
rhizosphere soil to management systems in commercial orchards in southern Spain. Agric. Ecosyst.
Environ. 2013, 181, 169–178. [CrossRef]
37. Fernández-González, A.J.; Cardoni, M.; Cabanás, C.G.-L.; Valverde-Corredor, A.; Villadas, P.J.;
Fernández-López, M.; Mercado-Blanco, J. Linking belowground microbial network changes to different
tolerance level towards Verticillium wilt of olive. Microbiome 2020, 8, 11. [CrossRef]
38. Gómez-Lama Cabanás, C.; Legarda, G.; Ruano-Rosa, D.; Pizarro-Tobías, P.; Valverde-Corredor, A.; Niqui, J.L.;
Triviño, J.C.; Roca, A.; Mercado-Blanco, J. Indigenous Pseudomonas spp. strains from the olive (Olea europaea
L.) rhizosphere as effective biocontrol agents against Verticillium dahliae: From the host roots to the bacterial
genomes. Front. Microbiol. 2018, 9, 277. [CrossRef]
39. Müller, H.; Berg, C.; Landa, B.B.; Auerbach, A.; Moissl-Eichinger, C.; Berg, G. Plant genotype-specific archaeal
and bacterial endophytes but similar Bacillus antagonists colonize Mediterranean olive trees. Front. Microbiol.
2015, 6, 138. [CrossRef]
40. Fausto, C.; Mininni, A.N.; Sofo, A.; Crecchio, C.; Scagliola, M.; Dichio, B.; Xiloyannis, C. Olive orchard
microbiome: Characterisation of bacterial communities in soil-plant compartments and their comparison
between sustainable and conventional soil management systems. Plant Ecol. Divers. 2018, 11, 597–610.
[CrossRef]
41. Anguita-Maeso, M.; Olivares-García, C.; Haro, C.; Imperial, J.; Navas-Cortés, J.A.; Landa, B.B.
Culture-dependent and culture-independent characterization of the olive xylem microbiota: Effect of
sap extraction methods. Front. Plant Sci. 2020, 10, 1708. [CrossRef] [PubMed]
42. Martins, F.; Pereira, J.A.; Bota, P.; Bento, A.; Baptista, P. Fungal endophyte communities in above-and
belowground olive tree organs and the effect of season and geographic location on their structures. Fungal
Ecol. 2016, 20, 193–201. [CrossRef]
43. Preto, G.; Martins, F.; Pereira, J.A.; Baptista, P. Fungal community in olive fruits of cultivars with different
susceptibilities to anthracnose and selection of isolates to be used as biocontrol agents. Biol. Control 2017,
110, 1–9. [CrossRef]
44. Gomes, T.; Pereira, J.A.; Benhadi, J.; Lino-Neto, T.; Baptista, P. Endophytic and epiphytic phyllosphere fungal
communities are shaped by different environmental factors in a Mediterranean ecosystem. Microb. Ecol.
2018, 76, 668–679. [CrossRef] [PubMed]
45. Gomes, T.; Pereira, J.A.; Lino-Neto, T.; Bennett, A.E.; Baptista, P. Bacterial disease induced changes in fungal
communities of olive tree twigs depend on host genotype. Sci. Rep. 2019, 9, 1–10. [CrossRef]
46. Vergine, M.; Meyer, J.B.; Cardinale, M.; Sabella, E.; Hartmann, M.; Cherubini, P.; De Bellis, L.; Luvisi, A. The
Xylella fastidiosa-resistant olive cultivar “Leccino” has stable endophytic microbiota during the Olive Quick
Decline Syndrome (OQDS). Pathogens 2020, 9, 35. [CrossRef]
47. Tessler, M.; Neumann, J.S.; Afshinnekoo, E.; Pineda, M.; Hersch, R.; Velho, L.F.M.; Segovia, B.T.;
Lansac-Toha, F.A.; Lemke, M.; DeSalle, R. Large-scale differences in microbial biodiversity discovery
between 16S amplicon and shotgun sequencing. Sci. Rep. 2017, 7, 1–14. [CrossRef]
48. Bengtsson-Palme, J. Strategies for taxonomic and functional annotation of metagenomes. In Metagenomics;
Elsevier: Amsterdam, The Netherlands, 2018; pp. 55–79.
Pathogens 2020, 9, 723 27 of 29
49. Breitwieser, F.P.; Lu, J.; Salzberg, S.L. A review of methods and databases for metagenomic classification and
assembly. Brief. Bioinform. 2019, 20, 1125–1136. [CrossRef]
50. Mas-Lloret, J.; Obón-Santacana, M.; Ibáñez-Sanz, G.; Guinó, E.; Pato, M.L.; Rodriguez-Moranta, F.; Mata, A.;
García-Rodríguez, A.; Moreno, V.; Pimenoff, V.N. Gut microbiome diversity detected by high-coverage 16S
and shotgun sequencing of paired stool and colon sample. Sci. Data 2020, 7, 1–13. [CrossRef]
51. Wan, J.; Cabanillas, D.G.; Zheng, H.; Laliberté, J.-F. Turnip mosaic virus moves systemically through both
phloem and xylem as membrane-associated complexes. Plant Physiol. 2015, 167, 1374–1388. [CrossRef]
52. Richardson, L.G. Viruses on the move in the extracellular space. Plant Physiol. 2019, 180, 1253–1254.
[CrossRef] [PubMed]
53. Delmotte, N.; Knief, C.; Chaffron, S.; Innerebner, G.; Roschitzki, B.; Schlapbach, R.; von Mering, C.; Vorholt, J.A.
Community proteogenomics reveals insights into the physiology of phyllosphere bacteria. Proc. Natl. Acad.
Sci. USA 2009, 106, 16428–16433. [CrossRef] [PubMed]
54. Abdelfattah, A.; Nicosia, M.G.L.D.; Cacciola, S.O.; Droby, S.; Schena, L. Metabarcoding analysis of fungal
diversity in the phyllosphere and carposphere of olive (Olea europaea). PLoS ONE 2015, 10, e0131069.
[CrossRef] [PubMed]
55. Moissl-Eichinger, C.; Pausan, M.; Taffner, J.; Berg, G.; Bang, C.; Schmitz, R.A. Archaea are interactive
components of complex microbiomes. Trends Microbiol. 2018, 26, 70–85. [CrossRef]
56. Wagner, M.R.; Lundberg, D.S.; Tijana, G.; Tringe, S.G.; Dangl, J.L.; Mitchell-Olds, T. Host genotype and age
shape the leaf and root microbiomes of a wild perennial plant. Nat. Commun. 2016, 7, 1–15. [CrossRef]
57. Mina, D.; Pereira, J.A.; Lino-Neto, T.; Baptista, P. Epiphytic and endophytic bacteria on olive tree phyllosphere:
Exploring tissue and cultivar effect. Microb. Ecol. 2020, 80, 145–157. [CrossRef]
58. McNally, L.; Brown, S.P. Building the microbiome in health and disease: Niche construction and social
conflict in bacteria. Philos. Trans. R. Soc. B Biol. Sci. 2015, 370. [CrossRef]
59. Hassani, M.A.; Durán, P.; Hacquard, S. Microbial interactions within the plant holobiont. Microbiome 2018, 6,
58. [CrossRef]
60. Shen, S.Y.; Fulthorpe, R. Seasonal variation of bacterial endophytes in urban trees. Front. Microbiol. 2015, 6,
427. [CrossRef]
61. Thongsandee, W.; Matsuda, Y.; Ito, S. Temporal variations in endophytic fungal assemblages of Ginkgo biloba
L. J. For. Res. 2012, 17, 213–218. [CrossRef]
62. Hibbing, M.E.; Fuqua, C.; Parsek, M.R.; Peterson, S.B. Bacterial competition: Surviving and thriving in the
microbial jungle. Nat. Rev. Microbiol. 2010, 8, 15–25. [CrossRef] [PubMed]
63. Williams, R.; Da Costa, M.S. The genus Thermus and related microorganisms. In The Prokaryotes; Springer:
New York, NY, USA, 1992; pp. 3745–3753.
64. Hu, G.; Zhang, L.; Yun, Y.; Peng, Y. Taking insight into the gut microbiota of three spider species: No
characteristic symbiont was found corresponding to the special feeding style of spiders. Ecol. Evol. 2019, 9,
8146–8156. [CrossRef] [PubMed]
65. Lata, R.K.; Divjot, K.; Nath, Y.A. Endophytic microbiomes: Biodiversity, ecological significance and
biotechnological applications. Res. J. Biotechnol. 2019, 14, 10.
66. Sahoo, B.; Ningthoujam, R.; Chaudhuri, S. Isolation and characterization of a lindane degrading bacteria
Paracoccus sp. NITDBR1 and evaluation of its plant growth promoting traits. Int. Microbiol. 2019, 22, 155–167.
[CrossRef]
67. Su, J.; Li, L.; Wang, Y.; Ma, X.-X.; Ma, Z.; Peppelenbosch, M.P.; Pan, Q.; Bai, X. Seasonal analysis of the gut
microbiota in adult and young captive Asian black bears in northeast China. Anim. Biol. 2020, 70, 109–119.
[CrossRef]
68. Liu, C.-Y.; Weng, C.-C.; Lin, C.-H.; Yang, C.-Y.; Mong, K.-K.T.; Li, Y.-K. Development of a novel engineered
antibody targeting Neisseria species. Biotechnol. Lett. 2017, 39, 407–413. [CrossRef]
69. Belko, J.; Goldmann, D.A.; Macone, A.; ZAIDI, A.K. Clinically significant infections with organisms of the
Streptococcus milleri group. Pediatric Infect. Dis. J. 2002, 21, 715–723. [CrossRef]
70. Prohic, A.; Jovovic Sadikovic, T.; Krupalija-Fazlic, M.; Kuskunovic-Vlahovljak, S. Malassezia species in
healthy skin and in dermatological conditions. Int. J. Dermatol. 2016, 55, 494–504. [CrossRef]
71. Valenzuela-Lopez, N.; Cano-Lira, J.F.; Stchigel, A.M.; Rivero-Menendez, O.; Alastruey-Izquierdo, A.; Guarro, J.
Neocucurbitaria keratinophila: An emerging opportunistic fungus causing superficial mycosis in Spain.
Med. Mycol. 2019, 57, 733–738. [CrossRef]
Pathogens 2020, 9, 723 28 of 29
72. Dang, H.X.; Pryor, B.; Peever, T.; Lawrence, C.B. The Alternaria genomes database: A comprehensive resource
for a fungal genus comprised of saprophytes, plant pathogens, and allergenic species. BMC Genom. 2015, 16,
239. [CrossRef]
73. Vaz, A.B.; Mota, R.C.; Bomfim, M.R.Q.; Vieira, M.L.; Zani, C.L.; Rosa, C.A.; Rosa, L.H. Antimicrobial activity
of endophytic fungi associated with Orchidaceae in Brazil. Can. J. Microbiol. 2009, 55, 1381–1391. [CrossRef]
[PubMed]
74. Leal-Dutra, C.A.; Neves, M.A.; Griffith, G.W.; Reck, M.A.; Clasen, L.A.; Dentinger, B.T. Reclassification of
Parapterulicium Corner (Pterulaceae, Agaricales), contributions to Lachnocladiaceae and Peniophoraceae (Russulales)
and introduction of Baltazaria gen. nov. MycoKeys 2018, 37, 39–56. [CrossRef] [PubMed]
75. Jayawardena, R.S.; Ariyawansa, H.A.; Singtripop, C.; Li, Y.M.; Yan, J.; Li, X.; Nilthong, S.; Hyde, K.D.
A re-assessment of Elsinoaceae (Myriangiales, Dothideomycetes). Phytotaxa 2014, 176, 120–138. [CrossRef]
76. Zicca, S.; de Bellis, P.; Masiello, M.; Saponari, M.; Saldarelli, P.; Boscia, D.; Sisto, A. Antagonistic activity
of olive endophytic bacteria and of Bacillus spp. strains against Xylella fastidiosa. Microbiol. Res. 2020, 236,
126467. [CrossRef] [PubMed]
77. Mahmud, K.; Makaju, S.; Ibrahim, R.; Missaoui, A. Current progress in nitrogen fixing plants and microbiome
research. Plants 2020, 9, 97. [CrossRef] [PubMed]
78. Machado, A.; Cerca, N. Influence of biofilm formation by Gardnerella vaginalis and other anaerobes on
bacterial vaginosis. J. Infect. Dis. 2015, 212, 1856–1861. [CrossRef]
79. Romano-Armada, N.; Yañez-Yazlle, M.F.; Irazusta, V.P.; Rajal, V.B.; Moraga, N.B. Potential of bioremediation
and pgp traits in streptomyces as strategies for bio-reclamation of salt-affected soils for agriculture. Pathogens
2020, 9, 117. [CrossRef]
80. Jeger, M.; Caffier, D.; Candresse, T.; Chatzivassiliou, E.; Dehnen-Schmutz, K.; Gilioli, G.; Grégoire, J.C.;
Miret, J.A.J.; MacLeod, A.; Navarro, M.N. Updated pest categorisation of Xylella fastidiosa. EFSA J. 2018, 16.
[CrossRef]
81. European and Mediterranean Plant Protection Organization (EPPO). PM 7/24 (4) Xylella fastidiosa. EPPO Bull.
2019, 49, 175–227. [CrossRef]
82. Kuklinsky-Sobral, J.; Araújo, W.L.; Mendes, R.; Geraldi, I.O.; Pizzirani-Kleiner, A.A.; Azevedo, J.L. Isolation
and characterization of soybean-associated bacteria and their potential for plant growth promotion. Environ.
Microbiol. 2004, 6, 1244–1251. [CrossRef]
83. Loconsole, G.; Potere, O.; Boscia, D.; Altamura, G.; Djelouah, K.; Elbeaino, T.; Frasheri, D.; Lorusso, D.;
Palmisano, F.; Pollastro, P. Detection of Xylella fastidiosa in olive trees by molecular and serological methods.
J. Plant Pathol. 2014, 96, 7–14.
84. Harper, S.J.; Ward, L.I.; Clover, G.R.G. Development of LAMP and real-time PCR methods for the rapid
detection of Xylella fastidiosa for quarantine and field applications. Phytopathology 2010, 100, 1282–1288.
[CrossRef] [PubMed]
85. Kraken Database. Available online: https://github.com/mw55309/Kraken_db_install_scripts (accessed on
11 May 2020).
86. Wood, D.E.; Lu, J.; Langmead, B. Improved metagenomic analysis with Kraken 2. Genome Biol. 2019, 20, 257.
[CrossRef] [PubMed]
87. Huson, D.H.; Auch, A.F.; Qi, J.; Schuster, S.C. MEGAN analysis of metagenomic data. Genome Res. 2007, 17,
377–386. [CrossRef]
88. Dhariwal, A.; Chong, J.; Habib, S.; King, I.L.; Agellon, L.B.; Xia, J. MicrobiomeAnalyst: A web-based tool
for comprehensive statistical, visual and meta-analysis of microbiome data. Nucleic Acids Res. 2017, 45,
W180–W188. [CrossRef]
89. Chong, J.; Liu, P.; Zhou, G.; Xia, J. Using MicrobiomeAnalyst for comprehensive statistical, functional, and
meta-analysis of microbiome data. Nat. Protoc. 2020, 15, 799–812. [CrossRef]
90. Gloor, G.B.; Macklaim, J.M.; Pawlowsky-Glahn, V.; Egozcue, J.J. Microbiome datasets are compositional:
And this is not optional. Front. Microbiol. 2017, 8, 2224. [CrossRef]
91. Hammer, Ø.; Harper, D.A.; Ryan, P.D. PAST: Paleontological statistics software package for education and
data analysis. Palaeontol. Electron. 2001, 4, 9.
Pathogens 2020, 9, 723 29 of 29
92. Walters, W.; Hyde, E.R.; Berg-Lyons, D.; Ackermann, G.; Humphrey, G.; Parada, A.; Gilbert, J.A.; Jansson, J.K.;
Caporaso, J.G.; Fuhrman, J.A. Improved bacterial 16S rRNA gene (V4 and V4–5) and fungal internal
transcribed spacer marker gene primers for microbial community surveys. Msystems 2016, 1, e00009–e00015.
[CrossRef]
93. Sickle: A Sliding-Window, Adaptive, Quality-Based Trimming Tool for FastQ Files (Version 1.33) [Software].
Available online: https://github.com/najoshi/sickle (accessed on 11 May 2020).
94. Nurk, S.; Bankevich, A.; Antipov, D.; Gurevich, A.A.; Korobeynikov, A.; Lapidus, A.; Prjibelski, A.D.;
Pyshkin, A.; Sirotkin, A.; Sirotkin, Y. Assembling single-cell genomes and mini-metagenomes from chimeric
MDA products. J. Comput. Biol. 2013, 20, 714–737. [CrossRef]
95. Edgar, R.C. Search and clustering orders of magnitude faster than BLAST. Bioinformatics 2010, 26, 2460–2461.
[CrossRef] [PubMed]
96. Ea-Utils: Command-Line Tools for Processing Biological Sequencing Data. Available online: https:
//expressionanalysis.github.io/ea-utils (accessed on 30 August 2020).
97. Albanese, D.; Fontana, P.; De Filippo, C.; Cavalieri, D.; Donati, C. MICCA: A complete and accurate software
for taxonomic profiling of metagenomic data. Sci. Rep. 2015, 5, 9743. [CrossRef] [PubMed]
98. Quast, C.; Pruesse, E.; Yilmaz, P.; Gerken, J.; Schweer, T.; Yarza, P.; Peplies, J.; Glöckner, F.O. The SILVA
ribosomal RNA gene database project: Improved data processing and web-based tools. Nucleic Acids Res.
2012, 41, D590–D596. [CrossRef] [PubMed]
99. SILVA Database. Available online: https://www.arb-silva.de (accessed on 11 May 2020).
100. Kõljalg, U.; Nilsson, R.H.; Abarenkov, K.; Tedersoo, L.; Taylor, A.F.; Bahram, M.; Bates, S.T.; Bruns, T.D.;
Bengtsson-Palme, J.; Callaghan, T.M. Towards a unified paradigm for sequence-based identification of fungi.
Mol. Ecol. 2013, 22, 5271–5277. [CrossRef] [PubMed]
101. UNITE Database. Available online: https://unite.ut.ee (accessed on 30 August 2020).
102. Oksanen, J.; Blanchet, F.G.; Kindt, R.; Legendre, P.; O’hara, R.; Simpson, G.L.; Solymos, P.; Stevens, M.H.H.;
Wagner, H. Vegan: Community Ecology Package. R Package Version 1.17–4. Available online: http:
//CRAN.R-project.org/package=vegan (accessed on 1 September 2019).
103. The R Project for Statistical Computingfor Statistical Computing. Available online: https://www.r-project.org
(accessed on 30 August 2020).
104. McCune, B.; Grace, J.B.; Urban, D.L. Analysis of Ecological Communities; MjM Software Design: Gleneden
Beach, OR, USA, 2002; Volume 28.
105. Clarke, K.; Gorley, R. PRIMER v7: User Manual/Tutorial, 3rd ed.; Primer-E Ltd.: Plymouth, UK, 2015.
106. Dray, S.; Dufour, A.-B. The ade4 package: Implementing the duality diagram for ecologists. J. Stat. Softw.
2007, 22, 1–20. [CrossRef]
© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).
